Introduction
The impact of atmospheric aerosols in initializing climate change has been the focus of scientific discussion in recent times. Remote sensing technique is a very common method used by most scientists to gain insight into the larger view of the impact of atmospheric aerosols on climate change. Remote sensors basically read-off large volumes of spatial and temporal database of a given geographical region under study. For scientific applications, it is very important that the remotely sensed data sets are qualitative. For example, aerosols data set can be used to understand aerosol effects on atmospheric heat budget [1] [2] [3] [4] and also for validating satellite measurements 5 and for model simulations. 6 Aerosols comprise many components; however, dust particulate is a major component, and its dynamics in open space requires a systemic approach to model its dispersion, loading, precipitation, molecular interactions, and kinetics. In recent times, scientists have been able to show with proven degree of accuracy the properties of aerosols through dataset from Aerosol Robotic Network (AERONET), moderate resolution imaging spectroradiometer (MODIS), MISR, etc. For example, Dubovik et al 7 reported that through the information obtained from AERONET dataset, it was possible to retrieve aerosol size distribution, complex refractive index, and singlescattering albedo by inverting spectral optical depth together with sky radiances in the full solar almucantar. The information from other satellite stations, eg, MODIS and MISR has been proven to be very useful in atmospheric aerosol research. For example, Oluleye et al 8 showed that between 2005 and 2009, spatial, seasonal, and interannual variations of aerosol loading over some cities located in the Sahelian West Africa were detected by satellite (MODIS and Total Ozone Mapping Spectrometer [TOMS] ) and ground-based AERONET Sunphotometer sensor. The daily, monthly, and annual aerosol optical properties of the MODIS were in good agreement with ground-based AERONET data.
Zhang et al 9 did the comparative review of algorithms used for air-quality models. The four areas that were considered include coagulation, condensational growth, nucleation, and gas particle mass transfer. The scientist observed that the condensational growth rate of particles was in the range of 0.001-10 μm. However, the review confirms the reliability of some models like CIT, GATOL, Models-3, SAQM-AERO, UAM-AERO, and UAM-AIM for handling coagulation and condensational growth of aerosol particulates. In the same vein, Anatoly et al 10 mathematically highlighted the removal of liquid aerosols from gases flowing through channels. This article showed that basic physical theorems were obeyed, eg, conservation of mass. Chan et al 11 presented an equilibrium kinetic model of secondary organic aerosols (SOA). They employed the model as a way of examining the effects of SOA formation in the gas phase oxidation of the products initially generated to more or less volatile species. The effect of pre-existing organic aerosol mass on SOA yield and its direct relevance to the translation of laboratory data for atmospheric applications were also examined. Four scenarios were considered in this kinetic study, and they include first-generation product with aerosol phase reacting, first-and-second-generation product with the unimolecular aerosol phase reacting with gas phase conversion to volatile second-generation product, first-and-second-generation semi-volatile product without the aerosol phase reacting, and volatile-first-generation product and semivolatile secondgeneration product. From the findings, it is evident that, while 2 Air, Soil and Water Research different controlling/interacting mechanisms can lead to differing SOA growth behavior, it becomes generally impossible to deduce the actual mechanism for SOA formation with absolute dependence of the SOA growth data.
The article by Zuend et al 12 describes a liquid-liquid equilibrium and gas/particle partitioning model using the Aerosol Inorganic-Organic Mixtures. Functional groups Activity Coefficients (AIOMFAC) group-contribution model (Zuend et al, 2008) 13 . The model provides for the reliable computation of liquid-liquid coexistence (bimodal) curve, their corresponding tie-lines, the stability limit/meta-stability, and other thermodynamic properties of multicomponent systems. Thermodynamic evaluations of ternary and multicomponent alcohol/polyol-water-salt mixture properties suggest that liquid-liquid equilibrium is a prevalent feature of organic-inorganic aerosol systems. A multicomponent system was used to mimic the effects of relative humidity (RH) and the presence of liquid-liquid phase separation on the gas/particle partitioning. Based on their results, the model predictions revealed that liquid-liquid phase separation can lead to either an increase or decrease in total particulates of the entire mixture.
In recent times, the indiscriminate dispersion of atmospheric aerosols in cities located in West Africa has been proven via satellite imagery. In this article, further analysis on aerosols loading and retention was carried out over Bolgatanga to ascertain its level of pollution.
Theories: Statistical distribution
The SE of the mean was used (in this research) to estimate the population mean of aerosols for each month of the year. SE technique used for this research captures the standard deviation of the monthly means over one decade. The SE of the mean is expressed mathematically as
Here σ is the population standard deviation and n is the population size.
SE measures the uncertainty in aerosol optical depth (AOD) parameter and the deviations of the monthly mean from the average mean for the 13 years. Standard deviation (σ) measures the amount of visible dispersion from the monthly mean. Like the SE, a low-magnitude standard deviation signifies that the monthly mean is closer to the 13-year mean, which is also called the expected value. Also, a high magnitude standard deviation signifies how far the monthly mean is from the 13-year mean. Standard deviation is given as
Here y i in the context of our research is the monthly mean and y is the mean value of the 13-year mean. The concept of variance is intrinsically connected to the effects of the difference between the monthly mean and the 13-year mean on the AOD performance in Bolgatanga, Ghana. The coefficient of variation is the measure of a normalized dispersion of a probability distribution, ie, the 13 years mean for each parameter used. Coefficient of variation is referred to as relative standard deviation and expressed in percentage. Coefficient of variation is not used for measuring few meteorological parameters because of the inconsistency of its interval scale. Although the coefficient of variation is appropriate for the Kelvin scale and inappropriate for the Celsius scale because the Celsius scale is calibrated with an interval scale. 14 However, we adopted the coefficient of variation because the scale used has interval scale and appropriate for comparison between data sets of widely different yearly or monthly means. Coefficient of variation can be represented mathematically as
Here σ is the standard deviation and µ is the monthly mean. Skewness, also known as skew (X), is a measure of the asymmetry of the probability distribution of the monthly mean of aerosols about their 13-year mean. For a normal distribution, the skewness is equivalent to zero. The skewness value can be positive, negative, or undefined. When the skew is negative, it indicates that the mass of the distribution is concentrated on the right of the plotted graph, ie, left-skewed. When the skew is positive, the mass of the distribution is concentrated on the left of the plotted graph, ie, right-skewed. The skew of a distribution can be written mathematically as
Here υ is the median and E is the expectation error. Kurtosis (β) is any measure of the flattening or "peakedness" of the probability distribution of the monthly mean for each month of the year. Like skewness, kurtosis is a descriptor of the shape of a probability distribution which can be interpreted as β > 3 (leptokurtic distribution-high probability for extreme values), β < 3 (platykurtic distribution-probability for extreme values is less than for a normal distribution), and β = 3 (mesokurtic distribution-normal distribution). Kurtosis mathematically written as
All parameters retain their usual meanings. The simulation was carried out using analytical tool.
Validation of data source
Bolgatanga is the fourth most populous city in northern Ghana, and it is located on longitude 0.85°W and latitude 10.78°N in the Sahelian geographic region south of the Sahara ( Figure 1) ; hence, we expect a high impact of the northeast winds along with the Sahara dust. It is also under the influence of the local steppe climate. Its metropolitan area is about 499 km 2 . Bolgatanga has average temperature and precipitation of 26.1°C and 752 mm, respectively. The distance of Bolgatanga is about 2826 km. In the past, no aerosols ground observation was available; hence, the satellite observation was adopted. Fourteen years satellite observation was obtained from the MISR. The MISR operates at various directions, ie, nine different angles (70.5°, 60°, 45.6°, 26.1°, 0°, 26.1°, 45.6°, 60°, and 20.5°) and gathers data in four different spectral bands (blue, green, red, and near-infrared) of the solar spectrum. The blue band is at wavelength 443 nm, the green band is at wavelength 555 nm, the red band wavelength is 670 nm, and the infrared band is at wavelength 865 nm. MISR acquires images at two different levels of spatial resolution, ie, local and global modes. It gathers data at the local mode at 275 m pixel size and 1.1 km at the global mode. Typically, the blue band is to analyze coastal and aerosol studies. The green band is for bathymetric mapping examination and to estimate peak vegetation. The red band analyzes the variable vegetation slopes, and the infrared band analyzes the biomass content and shorelines.
Methodology
The raw MISR dataset was processed using Excel. The mean for each month was calculated all through each year. The accuracy of the data by applying the aerosol dispersion model that was propounded by Emetere et al 15 
Here α and β are the phase differences, τ is the AOD, ψ is the concentration of contaminant, λ is the wavelength, and a and n are atmospheric and tuning constants, respectively.
The percentage of retention can be determined from the coefficient of variance for each year. This was done by considering the previous and current years which are denoted as G P and G r , respectively. Hence, the aerosols retention between 2 years is propounded as
The aerosols retention can be calculated from Tables 2 and  3 to obtain Tables 4 and 5 . Any statistical tool could be used to obtain the atmospheric aerosols retention.
Results and Discussion
The Bolgatanga monthly AOD trend agreed perfectly with the proposed model (Figures 2 to 4) . More importantly is that it showed the mathematical distribution patterns. For example, AOD pattern over Bolgatanga is a gamma distribution with the maximum in March. This further affirms that the type of aerosols in the area are majorly dust particulates (Figure 4) . It is easy to explain this via the influence of the northeast wind. Accuweather (2015) showed that Bolgatanga has a more stable weather compared to other parts of the country. Hence, it will be easier to calculate its AOD retrieval over a given period of time.
From the monthly AOD distribution in Figure 2 , the AOD for the year 2000 dropped from January to March. It rose to a peak in April and dropped in the month of May and was fairly constant through June after which it rose to a peak in July and dropped in August. A slight increase can be observed from August through to October. was obtained. It was 0.5 in May and rose to 0.6 in June. It was lower than 0.6 for other months down to November where the AOD was 0.32 and rose slightly to 0.4 in December.
For AOD records in 2011, a rise in AOD can be seen in Figure 2 where it rose from 0.42 in January through February and March to April. It was 0.6 in June and July and was lower for other months, except in December where it was the same value as recorded in the months of June and July. In 2012, the AOD was 0.4 and rose through February to 1.0 in March after which it continued to drop down to July where it was 0.5. It rose to 0.6 in August and was 0.3 in September after which it was fairly constant at 0.5 from October through November to December. The highest AOD recorded in the year 2013 was 0.78, and this was for the month of April. It dropped from 0.7 in January through to March where it was 0.5. It dropped in May to 0.56 and rose slightly to 0.6 in June. It dropped through July to 0.3 in August. It was 0.66 in September and remained fairly constant at 0.4 between October and November. The month of December seemed to be free of aerosols for that year. The data generated could be described as one exhibiting a wave-form. Figures 3 and 4 give the model predictions and the data generated from satellite. In Figure 3 , the aerosol optical depths as obtained from the satellite (MISR) images agree with the AOD predictions of the model for the year 2000 for all other months except that slight deviations can be seen in the months of July, August, October, and November. In Figure 4 , the AOD estimated for the year 2002 by the model seems to agree with those of the MISR for all other 8 months. There is a clear deviation in March and slight deviations in the months of May, June, October, November, and December. Figure 4 shows the AOD estimates in the year 2007 for the model against data generated by satellite imaging. The model estimates agree with the satellite images for other months except for the deviations seen in the months of January, March, May, July, August, September, and November. In Figure 4 , for the year 2011, there are deviations of the estimated AODs for the months of January, March, May, June, August, and November with only a few points in agreement, ie, those of February, April, May, July, September, and December.
From Figures 2 to 4 , the atmospheric constants, phase differences, and tuning constants can be obtained from the MATLAB curve fit tool and equation (6) as shown in Table 1 below. The methods of obtaining constants from MATLAB fitting is explained in Danilo. 16 It is important to note that this article focuses on the reliability of the International Telecommunication Union Recommendation (ITU-R) model because it suggests an alteration in its known 17 model shown in equation (8) : 
Where N is the refractivity, e is the water vapor pressure, P is the atmospheric pressure (hPa), and T is the absolute Figure 4 . Analysis of the model to capture the AOD trends. temperature (K). The mathematical relationship between RH and water vapor pressure is expressed in the following equation:
Here, the temperature T in the above equation is given in °C and the coefficients a, b, and c are given as follows: a = 6.1121, b = 17.502, and c = 240.97. The implication of this research on the understanding of the results from Leck and Svensson 18 is that the determination of coefficients a, b, and c is influenced by the optical state over a geographical location. This study proposes an inclusion of the attenuation due to moving aerosols layer into the ITU model which is significant via the atmospheric constants over Bolgatanga. By this concept, we statistically examined the AOD distribution over Bolgatanga as shown in Tables 2 and 3. The highest AOD mean, 95% confidence interval, 99% confidence interval, variance, standard deviation, and coefficient of variation were obtained in 2005. The highest skew and kurtosis can be sited in year 2010. The highest KolmogorovSmirnov stat can be found in 2004. The results show that the lower atmosphere of Bolgatanga may not be as dynamic as those of cities in southern Nigeria. 19 Hence, we examined the atmospheric aerosol retention shown in Table 4 .
Considering the data in Table 2 , the estimated variances show that the highest deviation of the estimated monthly means from the 13-year mean was obtained for the year 2005 which reveals that it is farthest from the 13 Similarly, a look at the data in Table 3 shows that the highest deviation or variance (0.08) of the estimated monthly means from the 13-year mean was obtained for the year 2010, which reveals that it is farthest from the 13-year mean while those of 2011 and 2012 show the least deviation (0.03 each). From the estimated standard deviations, it is clear that the amount/degree of aerosol dispersion of the monthly means from the 13-year mean is lowest (0.17 each) for the years 2011 and 2013 with the highest dispersion (0.28) seen in the year 2010; those of other years lie between these values. The coefficient of variation or the degree of normalized dispersion of aerosols is highest for the year 2010 with a value of 0.49 with an average population of aerosols of 0.57 having confidence of 19% and 26% within the 95% and 99% confidence intervals, respectively. For the calculated skews, it could be seen that the measure of asymmetry of the probability distribution of the monthly means of the aerosols about the 13-year mean shows that the aerosol distribution has all the aerosol mass concentrated on or distributed to the left side of the plots for all the years except for that of year 2009 which is concentrated to the left; it is highest (1.93) for the year 2010 but lowest for the year 2009 with a value of −0.2. Based on the calculated kurtosis for all the years, it can be deduced that the probability distribution of aerosols for all other years except 2010 is platykurtic in shape. For 2010, it is a leptokurtic distribution because the estimated kurtosis value is 4.38, which is greater than 3. Also, because the kurtosis of the extreme values, ie, −1.6 for the year 2009 and 4.38 for the year 2010, it then implies that the estimated probabilities of the extreme values are less than that of a normal distribution for other years but highly distributed in the year 2010. Furthermore, from the estimated values, it could be seen that the highest peakedness and degree of flattening were obtained in the year 2010 while the least was that of 2009.
Considering Tables 4, the years of highest values of atmospheric aerosols retention were found to be 2012 and 2013. This shows that the skew and kurtosis are good indicators of atmospheric aerosols retention. More so, the trend of the aerosol retention shown in Table 4 is an evidence of indiscriminate anthropogenic pollution in its atmosphere. For example, the retention in 2004 and 2005 was high compared with the results between 2001 and 2011. The significance of the atmospheric aerosols retention in a geographical region has great influence on aviation schedules, 20 human health, 21 measuring instruments, energy budget, and meteorology. 22 Hence, the trends of the aerosol retention over Bolgatanga is of immense interest to environmental authorities within the region.
Conclusion
The new model has shown accuracy to describe the physical properties of aerosols-in relation to the dispersion type. Its validation with satellite dataset shows that it is reliable based on the statistical outcomes. The limitation of the study was highlighted for its further improvement. The platykurtic and leptokurtic aerosol distributions in Bolgatanga show that it is becoming more difficult to access the volume of air pollution released into the atmosphere. Hence, this study strengthens the World Health Organization (WHO) red alert on some cities in Africa. The maximum aerosol retention was 64.27%. Its atmospheric constants, tunning constants, and the phase difference over Bolgatanga was found to be 0.67, 0.24, and ± π 4 , respectively. Further research on the predictive nature of the model is recommended for similar climate system. 
